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Abstract
We address the challenge of selecting influential individuals for the marketing of a new product in a social network; we imagine 
a business attempting to sell a new technology and compare three strategies for selecting seed adopters of the innovation in scale-
free networks with the goal of maximizing the adoption within the network. We model the system using a local threshold process 
for adoption decisions and with a cost associated with creating each seed adopter. We compare random selection, selection of 
nodes with highest degree and selection of nodes with highest betweenness centrality. We then consider the situation in which the 
cost of identifying the target nodes is considered; the decision maker must make a trade-off between identifying the best nodes 
and saving resources for converting the seed nodes to the new technology.
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1. Introduction
If we do not understand the way in which individuals' choices are affected by the behavior of those around them
we cannot hope to make the most of the resources we have when trying to introduce a new product into a 
population.  
The diffusion of innovations is a field that has been subject to research since as early as the 1800s [1], however 
there has been a boom in research since the 1960s when Everett Rogers published The Diffusion of Innovations [2]. 
This work introduced many of the concepts that are familiar today, such as the categories of innovators (from early 
adopters to laggards) and the S-curve that matches the Bass Model for adoption of innovations [3]. 
While initial research utilized differential equations to analytically solve problems related to the rate and extent of 
the diffusion of innovations (and diseases), recent advances in available computational power have made alternative 
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approaches feasible. With more computational power available, it has been possible to model the diffusion of 
innovations at a per-adoption scale on network structures; because of this it has been possible to use agent-based
models (ABMs), with each node/individual in the network being an agent, to model various types of diffusion 
processes on various network topologies. A further advantage of the ABMs and network models is that they allow 
for heterogeneous node types, something that was difficult to achieve with the differential equation-based 
homogeneous mixing models. 
For marketers, it is important to maximize the extent of adoption of a novel product whilst minimizing their 
marketing expenses. It has been shown that, for certain network types, the minimum number of initial seed adopters 
necessary for a network-wide adoption can be computed analytically [4]. 
In this paper we address the case in which the network in question is a social network but we assume that the 
budget for marketing does not necessarily allow us to have the number of seeds we would desire. We use the local 
threshold diffusion model [5] acting in a scale-free network, which represents a typical social network [6]. Section 2 
introduces the model components, Section 3 presents the results and Section 4 contains analysis and discussion of 
the limitations of this work and potential future research. Section 3 also contains a comparison to the artificially 
generated networks by using our diffusion model and seeding strategies on real networks of Facebook friends
2. Model
In our simulations we use the local threshold model, which is a variation on the general threshold model [7] in
which an individual will adopt a new innovation if the fraction of the entire population that has adopted is larger 
than the individual's threshold, ׋ i. In the local model, an individual still has its own ׋ i but, rather than comparing it 
with the fraction of the total network that has adopted, it is compared with the adoption behavior of node i's direct 
neighbors. More formally, at any given time step, a node that has not already adopted, i, will adopt if ĭ i  ׋ i where
ĭ LVWKHVHRIQRGHVWKDWKDVDGRSWHGDQGī i is the set of node i's neighbors.
In the simulations we consider the homogeneous node case in which ׋ i = k for all i; in Section 4 we discuss 
investigating the effects of heterogeneous node thresholds on the optimum mix of strategies for seed selection. 
2.2 Network Generation
We simulate the diffusion process on a scale-free network. Within the NetworkX Python package [8], which we 
use for our simulations, scale-free networks are generated using the Barabasi-Albert preferential attachment 
algorithm [6]. The following is a summary of the algorithm that generates the network:
1. Take m0 initial nodes, which are linked arbitrarily by edges with the only requirement being that each node
KDVGHJUHH
2. Add a node to the network and link it to m m0 other nodes. The probability of connecting to the existing
nodes is proportional to the degree of those nodes.
3. Repeat Step 2 until you have n nodes.
2.3 Seed Selection
We consider three methods for selecting the seed adopters in the network and we work with a limited budget for 
converting the nodes. In the simplest approach: if the cost of converting one node is c and the budget is B, then we 
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can convert N = B/c nodes (rounded down to the nearest integer). The three node selection strategies are 1) Random 
2) by highest Degree and 3) by Betweenness Centrality1 (hereafter Random, Degree and Betweenness).
We then add to the model by considering the cost of identifying the seed nodes. We start with the assumption that 
there is zero cost associated with randomly selecting the nodes, but that there are costs associated with identifying 
the nodes of highest degree and betweenness centrality, ȜD and ȜBC respectively. In pure strategies (where we do not 
mix targeted with non-targeted seeds) the number of seed nodes that can be converted are given by
again, all rounded down to the nearest whole number.
Finally we investigate whether a simple heuristic for finding the nodes of highest degree can perform comparably 
to the exhaustive method. The motivation for this approach is the belief that, in a realistic setting, nodes of a higher 
degree will be relatively easier to identify. To simulate this, we select a number of nodes at random and look at 
those nodes' neighbors; for each selected node, its neighbor with the highest degree becomes a seed node. 
In Section 4 we propose research that considers the use of mixed strategies. This is because of our hypothesis that 
there will be a diminishing return for identifying the most influential nodes; given this, we suppose that there will be 
an optimal fraction of the budget to spend on random seed nodes and a fraction to spend on targeted seed nodes.
3. Results
3.1 Pure Strategies with No Cost for Identifying Nodes
Initially we compare the three strategies without taking into account the cost of identifying the nodes that have 
highest betweenness or degree. This is to confirm that our intuition that targeting the most connected nodes or nodes 
with highest betweenness will be more effective than randomly selecting nodes with regard to the fraction of the 
overall network that adopts.
We select a budget of B = $100 and a cost per seed node of c = $2; this means we will have 50 seed nodes, 
regardless of the strategy. We consider four different scenarios for node thresholds k = 0.10, 0.35, 0.60, and 0.85. As 
can be seen from the results in Figure 1 the Random seed strategy performs worst in all four cases. The strategy of 
selecting the 50 nodes with highest degree performs best in all scenarios, consistently performing slightly better than 
the strategy of selecting the nodes of highest Betweenness Centrality.
3.1.1 Comparison with Other Networks
For thoroughness we also compare the three strategies’ performance in four other network scenarios. Firstly, we 
test the strategies on generated Erdos-Renyi random networks and Watts-Strogatz small world networks. Figure 2
shows the performances on these two network types; it can be seen that, while all strategies have somewhat similar 
performances, in both the Degree strategy performs at least as well as the other strategies2.
We then test the strategies on two real Facebook networks; the first is the SNAP Facebook network (with over 
4000 nodes) [9] and the second is the Facebook ‘friends’ network of one of the authors. Figure 3 shows the results 
of the different strategies for the two Facebook networks. While the Degree strategy performs as well as 
1 Betweenness Centrality is a measure of a node’s importance in the network. The Betweenness Centrality of a node is the number of shortest 
paths, between all pairs of other nodes, on which a node lies.
2 It should be noted that for the random networks with small n, the Degree strategy performs relatively poorly; this can be attributed to the fact 
that these small networks had low probability of forming a giant cluster and were therefore disconnected, decreasing the effectiveness of targeting 
well-connected nodes. However, as these networks are disconnected we can consider them as separate, connected, networks and therefore not a 
fair comparison to the larger networks.
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Betweenness for the smaller network, Betweenness outperforms Degree on the larger SNAP network; we believe 
this can be explained by the fact that the SNAP network is constructed from four separate Facebook friends’
networks. The intersections between the networks are small compared to the network sizes and thus those nodes that
lie in more than one of the original networks (noes with high betweenness) become very influential. This does not 
represent reality as there are many other Facebook users filling the ‘gaps’ that are not represented in this data set.
Figure 1. Comparison of the three strategies for seed selection. For values of n < 50, the budget allows all nodes to be seeds. 
Figure 2. For Random and Small-World networks the Degree strategy performs at least as well as the others in almost all cases.
Given the above results, and previous research indicating that Degree > Betweenness > Random as targeting 
strategies [10], we feel confident that our initial results from Figure 1 are a good basis for the rest of our simulations.
3.2 Accounting for the Cost of Identifying Nodes
Having compared the strategies assuming there was no cost associated with identifying the seeds, we now look at 
how the cost of identifying the seeds reduces the amount of the budget that remains for seeding. We assume that 
there is no cost associated with randomly selecting B/c seeds.
While there are many arguments to be made for the choice of costs associated with each strategy, we choose here 
to stay with the simple measure of the computational time associated with each strategy as a first approximation of 
our cost function. For the Degree strategy, the cost increases linearly with the size of the network, n. In order to 
identify a node's Betweenness Centrality, NetworkX uses Brandes’ Algorithm [11], which takes O(|N||E|) time (N is 
the set of nodes and E is the set of edges); as the scale-free network with m = 1 has one edge per node, this becomes 
O(|N|2).
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(2)
Figure 4 shows the average time taken to identify the set of 50 seed nodes for the Degree and Betweenness 
strategies for networks for size 10 through 1000 nodes. Given the results of the timing, we find that Equations 1 and 
2 give the cost of identifying the target nodes under the Degree and Betweenness strategies, respectively.
Figure 3. Shows the performance of each of the three strategies on the two Facebook networks; as explained above the 
Betweenness strategy performs relatively better for the SNAP Facebook network. 
Figure 4. This figure shows the time taken for the program to identify 50 seeds nodes for various network sizes for the 
Betweenness and Degree strategies. 
Figure 5 shows how the costs associated with the strategies limit the number of seeds available as the size of the 
network increases.
With an estimation of the costs associated with identifying the seed nodes under the various strategies, we now 
examine how this affects the best pure strategy choice (keeping B = $100 and c = $2, as before). We reduce the 
number of seeds available for each strategy as a function of n (as per Figure 5). Figure 6 shows how the strategies 
perform once the seed identification cost has been taken into account. As one would expect, the rapid decrease in the 
(1)
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number of seeds for the Betweenness strategy means that it performs badly for all but the smallest of networks. The 
Degree strategy, however, continues to outperform the Random strategy.
3.3 A Heuristic for Degree Strategy
We have ascertained that, for our networks, the Degree strategy is the strongest. However, the cost of identifying 
the individuals in a network with definitively the most connections could potentially be very high. We reason that, in
a social network, it is likely that individual agents have a good understanding of which of their neighbors are well
connected and we use this to create a heuristic for identifying the nodes of the highest degree. This involves ‘asking’
a set of randomly selected nodes to identify their most connected neighbor; the set of all the identified neighbors
then becomes the seed set. Figure 7 shows the performance of the heuristic compared with the original Degree 
strategy and then with the Betweenness and Random strategies.
Figures 5 and 6. Figure 5 shows how the network size limits the number of seeds available for each strategy while figure 6 shows 
how these limitations affect the effectiveness of the strategies.
Figure 7. In a) the heuristic is outperformed by the Degree strategy; in b) the heuristic performs better than the Random strategy 
but still loses to the Betweenness strategy (cost of identifying nodes is not considered here)
4. Conclusions and Future Research
a) b)
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The results have shown that the Degree strategy performs the strongest for all of our networks, with the 
difference being most pronounced in the scale-free networks. While the Betweenness strategy also performs 
relatively well when the same number of seeds is used as for the other strategies, the cost of identifying the seeds is 
so high that this strategy performs poorly when this is considered. The Random strategy, whilst having minimal cost 
for identifying seeds, performs the worst of the three strategies in almost all situations.
A heuristic for the Degree strategy performs better than the Random strategy, but somewhat worse than the 
Betweenness and Degree strategies when the cost of identifying nodes is not considered; in cases with higher cost 
for the Degree strategy it is likely that the heuristic will be the best performing strategy.
Extensions to this research could follow several avenues. Firstly we would like to extend the analysis to a larger 
number of real networks; this will allow us to get a better sense of which artificial networks lead to diffusion 
characteristics that most match the real world. Secondly, the cost of identifying nodes in this paper was based on 
computational time measurements; a more detailed investigation into the practicalities of identifying key individuals 
in a real network would allow more accurate models to be constructed.
The authors intend to investigate the effects of node heterogeneity on the diffusion outcomes and also introduce 
considerations of uncertainty into the heuristic and diffusion processes. The current heuristic is simple and we are 
confident that its performance could be improved by considering a ‘neighbors of neighbors’ search. It is probably
unrealistic to assume that an individual will be able to identify his/her most connected neighbor with 100%
certainty; in order to account for this we intend to introduce a probability of identifying the correct neighbor, with 
each node having its own accuracy parameter.
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